A new flammability index (FI) was developed, which integrated two parameters that are highly correlated to fuel moisture content (MC). These parameters are time-to-ignition and flame height. The newly obtained FI-values belong to the variation interval of {0; 20}. In addition to the six flammability classes defined in the earlier work, a seventh class (FI > 16.5) was proposed to include fuel species with a high content of volatile flammable-compounds. Flammability testing and MC measurement were performed at a range of MC obtained through a drying process of samples. As a result, FI was statistically highly correlated with MC for all 13 Moroccan forest fuels tested in this study. Following this, linear regression equations were established to predict the FI-value as a function of MC. Therefore, the classification of flammability would depend on the species as well as the MC-value of the samples and the season in which they were collected.
Introduction
The assessment of the fuel hazard and fire risk is now more than ever in demand due to the severe climatic conditions. Furthermore, this has been combined with the highly flammable nature of Mediterranean species, which favour bushfires [1] [2] [3] . Such fires are exacerbated by litter and shrub abundance, which are known for their propensity for recurrent fire besides the importance of fire for plant reproduction [3] . Reducing the fuel hazard requires a realistic flammability ranking of forest fuels [2, [4] [5] [6] , which would result in the rigorous selection of fire-resistant species appropriate for afforestation as part of a forest fire management plan [2, 4, [6] [7] [8] .
Fuel characterization is required to assess flammability, as the latter is linked to the properties of fuel elements and complexes [9] . Few studies have tried to assess flammability using field-scale fire experiments [10] due to authorization, safety and cost constraints [9, 11, 12] , while the most studies performed standardized laboratory-scale flammability measurements [2, 5, 7, [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] , including some recent studies that still use the method of Valette [2, 7, 12, 15] . Some of these methods have the disadvantage of using ground samples (do not take into account the fuel structure) and are criticized for combustion tests under conditions different from the natural conditions [1] . Other authors measured plant flammability at the shoot-level following the method of Pérez-Harguindeguy et al. [22] to preserve the architecture of the plant shoots [23] . Neither bulk density nor continuity of the fuel were taken into account in this method. In addition, this method shows its limitations when scaling beyond the experimental setting [23] . In contrast, the individual contribution of the flammability of each species to fire behaviour is an important input variable that should be integrated into a fire behaviour prediction system under development in the image of BehavePlus [24] and the Forest Flammability Model [25] . This is all the more important since modelling the behaviour of fire can help compensate for deficiencies due to inadequate weighting of fuel characteristics and the interactions involved [9] . Besides other fuel and site characteristics (input variables), such as the surface area-to-volume ratio, bulk density, fuel load per size class as well as vertical and horizontal continuity of different layers, the individual species flammability would improve the accuracy and effectiveness of such systems. The individual species flammability assessment is particularly useful since the ignitability of individual leaves was correlated with several parameters of flammability in fuel beds, including the rate of fire spread [26] .
In general, flammability represents the ability of plant biomass to burn [27, 28] . In practice, individual species flammability is broadly comprised of three components: ignitability, combustibility and sustainability [29] . Ignitability is represented by time-to-ignition (TI) [16, 30] , which is widely used in plant flammability ranking (e.g., [7, 16, 31, 32] ). In terms of a fire test, combustibility is examined through flame height (FH) [1, 31, 33] . This FH parameter also gives insight into a fire propagation rating [14] . Sustainability is assessed using the duration of combustion (DC) [1, 14, 17, 34] .
Moisture content (MC) is a key factor influencing flammability (e.g., [5, 17, 35, 36] ), acting both physically on the plant by controlling the thermal capacity of tissues and chemically through the adjustment of the combustion process [1, 37] . Therefore, flammability variation within species depends on fuel water content [1, 35, 38] . Hence, there is the need for a flammability database as a function of MC within the same species [26] , which can be expressed in practice through modelling functions of the relation flammability against MC.
Valette [7] developed a flammability index (FI) that took into account only TI and ignition frequency combined to derive the FI-values. FI was introduced because the flammability determination is not easy and can be appreciated only in a general sense instead of in a very precise scientific way [7] . However, considering that the method of Valette [7] had some weaknesses, in particular the fact that it only delivers qualitative FI-values in addition to its negligence of flammability parameters of major importance, Hachmi et al. [14] proposed a revision of the aforementioned method by trying to compensate for the shortcomings observed. Hachmi et al. [14] suggested an empirical formula that estimates FI-values based on a continuous quantitative notation scale system. FI was calculated based on three parameters measured during fire tests (TI, DC and FH) as shown in Equation (1):
where TI and DC are in seconds and FH is in centimetres. FI combines the capability of fine fuels to ignite when given a heat source [12] to spread fire to the adjacent fuels and to sustain the combustion [14] . Ranking these species according to FI as well as integrating FI data into a fire behaviour prediction system in order to improve its accuracy and map the high-risk areas based on vegetation maps would help in forest fire management as these would facilitate the selection of the appropriate afforestation species for mitigating fuel hazards [7, 8, 17] .
However, a weak correlation between MC and the average DC was observed [14] , while the correlations between MC and the average TI or between MC and the average FH were both strong [14] . In addition, by using Equation (1), high DC-values resulted in outlier FI-values classifying all species as extremely flammable regardless of their TI-and FH-values. Therefore, the objective of this paper is to revise this FI-formula in order to address the correlation weakness observed between MC and the average DC as well as to assess the relationship FI compared to the MC characteristic of a range of Moroccan forest fuel species.
Materials and Methods

Study Sites
Five sites were located throughout north-western Morocco (western Rif Mountains). Each site had experienced no fires for at least three years and contained a suite of canopy and understory species characterizing the respective ecosystems. All study sites are located on forestlands managed by the Moroccan High Commission for Forests and included forests of Larache, Ahl Srif, Souk L'Qolla (Larache province), Dardara (Chefchaouen province) and Bellota (Ouezzane province) ( Table 1) . Sites were chosen at various altitudes starting at the cork oak forests (Atlantic coast) to pine forests of Chefchaouen with an aim of covering the most important tree and shrub species. 
Species Selection, Sampling and Modus Operandi
The tree species studied were Pinus pinea (stone pine), Pinus pinaster (maritime pine), Pinus canariensis (Canary Island pine), Ceratonia siliqua (carob tree), Quercus suber (cork oak) and Quercus coccifera (kermes oak). The shrub species were Arbutus unedo (strawberry tree), Cistus albidus (grey-leaved cistus), Cistus crispus (wrinkle-leaved rockrose), Cistus monspeliensis (narrow-leaved cistus), Cistus salviifolius (sage-leaved rockrose), Pistacia lentiscus (mastic tree) and Viburnum tinus (laurustinus) ( Table 1) .
The canopy and understory species were chosen based on their abundance in the forest ecosystems of Western Rif (Table 1) . The samples were collected from the sites listed in Table 1 in locations with different solar irradiances in order to mitigate the possible effect of solar irradiance intensity. For each species, approximately 600 g of samples of terminal twigs with their leaves or needles were collected in January 2016 from 3-4 mature plants. They were immediately placed into sealed plastic bags and transported in a thermally insulated box with ice as shown in the method of Hachmi et al. [14] . Once in the laboratory, flammability and MC tests were immediately performed for some of the freshly collected samples of each species. The remaining samples were left for drying under laboratory ambient conditions in a view of measuring the FI-and MC-values at regular intervals as the drying took place. However, to reach MC-values of less than 20%, samples were placed in an oven at 60 • C for varying times according to the targeted MC levels.
To calculate the MC-value, a sample of 2 g was weighed before and after oven-drying at 60 • C for 72 h [14, 39] . The average MC was computed based on three replicates. MC was expressed as follows [40, 41] : MC = wet weight − ovendry weight ovendry weight All weights were measured using a Mettler PE 600 balance with an accuracy of 0.01 g.
To determine the average FI-value corresponding to each MC level and each species, 36 flammability tests were performed according to three replicates. Indeed, according to Hachmi et al. [14] , the 12 tests per replicate provided significantly similar results as the method consisting of 50 tests per replicate suggested by Valette [7] . For each species, a quantity of 42 g of vegetation material was separated into two sets. The first set was comprised of 36 samples of 1 g each. Each sample consisted of terminal twigs with their leaves or needles, which were put on the well-heated ceramic surface of the epiradiator. TI and DC were measured (in seconds) using a stopwatch and maximum FH (in centimetres) was read with a vertical graduated ruler [14] .
The second set, consisting of three samples of 2 g each prepared simultaneously with fire tests, was used to calculate the MC-values in order to adjust flammability for the effect of MC. For each MC level, the same procedure was repeated as explained above.
Fire tests were carried out using a Quartzalliance epiradiator 500 W 534 Rc 2 ( Figure 1 ). The radiant disk of the epiradiator has a diameter of 10 cm and radiates 7 W/cm 2 (220 V; 50 Hz). The radiant disk temperature is about 600 • C. A pilot flame is located 4 cm above the centre of the disk, while the epiradiator and pilot flame are under a hood to prevent any air current to disturb inflammation process [42] . tests per replicate suggested by Valette [7] . For each species, a quantity of 42 g of vegetation material was separated into two sets. The first set was comprised of 36 samples of 1 g each. Each sample consisted of terminal twigs with their leaves or needles, which were put on the well-heated ceramic surface of the epiradiator. TI and DC were measured (in seconds) using a stopwatch and maximum FH (in centimetres) was read with a vertical graduated ruler [14] . The second set, consisting of three samples of 2 g each prepared simultaneously with fire tests, was used to calculate the MC-values in order to adjust flammability for the effect of MC. For each MC level, the same procedure was repeated as explained above.
Fire tests were carried out using a Quartzalliance epiradiator 500 W 534 Rc 2 ( Figure 1 ). The radiant disk of the epiradiator has a diameter of 10 cm and radiates 7 W/cm 2 (220 V; 50 Hz). The radiant disk temperature is about 600 °C. A pilot flame is located 4 cm above the centre of the disk, while the epiradiator and pilot flame are under a hood to prevent any air current to disturb inflammation process [42] . 
Statistical Analysis
Species data were analysed in IBM Statistical Package for Social Sciences (SPSS version 21) (SPSS Inc., Chicago, IL, USA). Pearson's correlation matrix was used to determine the correlations between each flammability parameter and moisture content. Linear and non-linear regression models were tested to find the model functions that had the best fit for FI and MC.
Results
The average values for TI, DC and FH are presented in Figure 2 . Overall, for all the species examined, FH values decreased substantially when MC increased, whereas TI increased with MC. However, DC-values were only slightly affected by MC variation (Figure 2 ). TI average values varied from 0.9 s for Q. coccifera to 9. 
Statistical Analysis
Results
The average values for TI, DC and FH are presented in Figure 2 . Overall, for all the species examined, FH values decreased substantially when MC increased, whereas TI increased with MC. However, DC-values were only slightly affected by MC variation (Figure 2 ). TI average values varied from 0.9 s for Q. coccifera to 9.9 s for V. tinus. DC average values varied from 35.0 s (P. canariensis) to 152.0 s (P. pinaster). FH mean values varied from 0.3 cm for C. monspeliensis to 29.1 cm for P. lentiscus. Regarding Cistus species, flammability parameters varied from 1.2 s (C. monspeliensis), 61.3 s (C. monspeliensis) and 0.3 cm (C. monspeliensis) to 8.4 s (C. monspeliensis), 129.1 s (C. crispus) and 25.2 cm (C. monspeliensis), respectively for TI, DC and FH. Therefore, Cistus monspeliensis showed the highest scope of fluctuations of flammability parameters among Cistus species. Among Pinus species, TI moved from 1.1 s (P. canariensis) to 7.1 s (P. pinea), DC from 35.0 s (P. canariensis) to 152.0 s (P. pinaster) and FH from 3.8 cm (P. pinea) to 26.3 cm (P. pinea). Quercus species had close variation intervals of TI (0.9-7.4 s for Q. coccifera; 1.4-8.1 s for Q. suber), DC (40.3-51.6 s for Q. coccifera; 43.1-56.4 s for Q. suber) and FH (13.9-28.4 cm for Q. coccifera; 12.8-27.2 cm for Q. suber). Pearson's correlation tests performed for the interrelationships between each of the flammability parameters (TI, DC and FH) and MC are shown in Table 2 . The parameters TI and FH were highly correlated to MC, while the correlation between DC and MC was relatively weak (r = 0.37). Close r-values were recorded by Hachmi et al. [14] for the same interrelationships mentioned above, except for the correlation coefficient between DC and MC, which was found to be weak but negative (r = −0.34). This was also supported by our results shown in Figure 2 , which revealed that DC was fairly constant during the drying process, while TI and FH has substantially responded to MC change. Indeed, MC significantly affects TI [1, 5] as well as both TI and flame characteristics, including FH [15, 36] . However, Equation (1) should be questioned due to the important weight of DC as a numerator term in the FI equation expression despite having a low correlation coefficient with MC parameters. Furthermore, according to Table 2 , DC was positively correlated with MC implying a negative correlation between DC and FI in contrast with the assumptions of the equation of Hachmi et al. [14] . The latter pointed out that FI was characterized by the ratio DC/TI since DC was negatively correlated with MC. The contrast between our findings and those of Hachmi et al. [14] regarding the correlation between DC and MC can be due to the differences noticed in the initial moisture contents of the respective samples collected and probably could also be attributed to the laboratory ambient climatic conditions. Thus, since an accurate and reliable FI value can only be achieved in association with MC as stated in Hachmi et al. [14] and Grootemaat et al. [26] , FI calculation parameters should all be strongly correlated with MC. Moreover, the maximum expected FI-value (calculated based on Equation (1)) corresponded to extreme fire test conditions, which was namely a maximum DC-value as noted in Hachmi et al. [14] (DC = 26 s) with minimum TI = 0 s and maximum FH = 40 cm. This resulted in an outlier (FI = 7.19), which considerably exceeded the upper limit of the FI variation interval ({0; 5.5}) predefined by the FI assumption [14] . This is in contrast with the FI assumption of Hachmi et al. [14] , which specified that the flammability index should be bounded within a predetermined interval. This situation cannot be acceptable since it would undermine the interpretation of the FI-values. Therefore, high values of DC would lead to a misinterpretation of the resulting FI-values among the extremely flammable fuels regardless of the values of the other parameters (TI and FH). All these weaknesses are calling into question the very existence of DC in Equation (1) . Therefore, we suggest a new FI formula in line with our findings where DC would be thus removed. The initial assumptions of the FI expression state that FI should vary in the bounded interval of {0; 6.5}, which was inspired by the flammability variation range of Valette [7] . Indeed, in order to classify the species according to their flammability, we have to attribute the corresponding flammability class to each FI-value variation range. Therefore, FI-values need to be bounded in a limited interval where each range of FI-values would refer to one flammability class within a well-known flammability scale. If the FI range is not limited, the classification scale would no longer be useful. FH should also change from 0 to 40 cm and TI from 0 to 60 s. The negative test is declared (FI = 0) when TI = 60 s and FH = 0 cm. These assumptions fit the collected data precisely. The proposed FI Equation is therefore:
The terms regarding FH remain the same as shown in the equation above proposed by Hachmi et al. [14] . Thus, to maintain the FI range considered by Valette [7] , FH is raised in the exponential ranges to mitigate its effect on FI, since FH represents only the pyrolysis (pre-ignition step). The latter corresponds to the maximum gas released and varies among species depending on their chemical composition. TI would differentiate between the flammability of species having same FH values.
In the denominator, 12.5 was chosen since it represented the inferior limit of TI variation range according to Valette [7] . Indeed, using Equation (2) under the initial assumptions, FI would reach its maximum value (6.16) at the extremes of TI = 0 s and FH = 40 cm. Moreover, at the extremes of TI = 60 s and FH = 0 cm, FI has a value of 0, which represents the negative test (no ignition even after 60 s). Using the proposed new equation, the initial assumptions are all verified. Therefore, Equation (2) is the FI expression that best fits the data. Equation (2) allows for maintenance of FI-values inside the variation range of {0; 6.5}. However, this would be more appropriate to introduce a rating out of 20 points. Therefore, Equation (2) should be multiplied by 3 as follows:
Using Equation (3), the initial assumptions are all verified. At the extremes of TI = 60 s and FH = 0 cm, FI is 0 (negative test). In contrast, at the extremes of TI = 0 s and FH = 40 cm, FI would reach its maximum value of 18.48. Along the lines of Valette [7] and Hachmi et al. [14] , a FI-value classification scale according to Equation (3) would comprise of seven flammability classes: least flammable (FI < 1.5), less flammable (1.5 ≤ FI < 4.5), moderately flammable (4.5 ≤ FI < 7.5), flammable (7.5 ≤ FI < 10.5), highly flammable (10.5 ≤ FI < 13.5), most flammable (13.5 ≤ FI < 16.5) and extremely flammable (FI ≥ 16.5). The latter flammability class is a theoretical class reserved for forest fuels with a high content of flammable essential oils, which would probably have a FH of more than 40 cm.
The results of the analysis of variance between the method of Hachmi et al. [14] (Equation (1)) and our FI calculation method (Equation (3)) are presented in Table 3 . The F-test revealed a very highly significant difference between the two methods. For fresh (freshly collected) and dried (retrieved at the end of the drying process) samples, the average values of FI per species calculated based on Equation (3) and their respective average moisture contents are shown in Table 4 . Average FI values were close to each other and varied from 10.98 (C. monspeliensis) to 13.86 (Q. coccifera). For Cistus species, the average FI values were disparate and changed from 10.98 (C. monspeliensis) to 13.00 (C. albidus), whereas for Quercus species, FI average values were very close (13.04 and 13.86 respectively for Q. suber and Q. coccifera). Pinus pinaster indicated the highest average FI value among pine species (13.14), while P. pinea samples indicated the lowest average FI value (11.87). The Pearson's correlation coefficients calculated for the relationship FI-MC are presented in Table 5 . For all species examined, FI is highly correlated with MC. The variation of FI according to MC and corresponding trend curves are presented in Figure 3 , which shows two different scenarios of FI change. FI increased as MC decreased (Table 5 ; Figure 3) , which is when the samples dried. The Pearson's correlation coefficients calculated for the relationship FI-MC are presented in Table 5 . For all species examined, FI is highly correlated with MC. The variation of FI according to MC and corresponding trend curves are presented in Figure 3 , which shows two different scenarios of FI change. FI increased as MC decreased (Table 5 ; Figure 3) , which is when the samples dried. Overall, FI rose linearly on a continuous basis when MC decreased during the drying process, except in certain cases where FI has evolved differently in two stages (Figure 3b) . First, FI remained stable and increased slowly, but upon reaching a minimum threshold of MC during the drying process, FI rose strikingly. Two scenarios can be thus highlighted as shown in Figure 3 : (1) Species for which FI increased linearly when MC decreased, such as A. unedo, C. siliqua, C. crispus, P. pinaster, P. pinea, P. lentiscus, Q. coccifera, Q. suber and V. tinus (Figure 3a) . (2) Species showing a two-stage FI change according to MC. First, FI remained relatively stable until MC dropped below a minimum threshold. At this time, FI began to rise strikingly and linearly as the samples dried. This is the case with C. albidus, C. monspeliensis, C. salviifolius and P. canariensis (Figure 3b) .
The regression models that had the best fit with the relationship of FI and MC are shown in Table 6 . Regarding the species of the second group, the minimum thresholds of moisture content below which FI behaviour changed varied from 18% for C. salviifolius to 86% for C. monspeliensis (Table 6 ). According to the two scenarios of FI change during drying, the appropriate model functions used to adjust FI for the effect of MC followed the same rate of change. For the first group, where FI increased linearly when MC decreased, the linear model was adopted throughout the drying process. For the second group, two FI behaviours have been defined according to moisture content, each of which was represented by a different linear model. Such modelling in two linear functions defined on two MC intervals reflect the two-stage variation of FI, which is a feature of species of the second group (Figure 3b ). As a practical use of the FI-regression models shown in Table 6 , FI-values were computed for each species using their respective model functions for both the MC-values of their fresh samples obtained during the present work (winter 2016) and the average MC-values for the same species delivered by Hachmi et al. [43] which were determined during the critical summer period of July-September 2009. It should be noted that the 2009-summer MC data were considered here just for a practical example of the use of MC in FI-regression models of Table 6 . The rough FI-values obtained for the two latter MC-applications as well as the approximate forest fuels ranking are shown in Table 7 . For greater efficiency, wildfire prevention requires the flammability ranking of fuels considered under environmental conditions corresponding to periods of high recurrence of wildfires (summer). To get the realistic summer FI-values, the samples to be tested should be collected during the same summer, which are richer in volatile organic compounds. These compounds can affect FH-values and subsequently FI-values [44] [45] [46] . Three flammability classes are identified according to the FI-value classification scale adopted by Hachmi et al. [14] and using Equation (3) proposed in this paper ( Table 7 ). Note that the classification of species' flammability was variable according to the seasons. Only the classification of C. crispus, C. monspeliensis and P. lentiscus remained unchanged. Table 7 . Practical example of the use of MC-values in the FI calculation for both the MC-values obtained during the present work (winter 2016) and the average MC-values delivered by Hachmi et al. [43] which were determined during the critical summer period of July-September 2009. 
Discussion
Flammability Parameters
Average TI values fell within the TI range of species in common with Liodakis et al. [47] (A. unedo, P. lentiscus and Q. coccifera) in an area at the confines of the national park of mountain Parnitha, which is north of the city of Athens (Greece) and Dimitrakopoulos et al. [32] (P. pinaster and P. pinea) in low elevation sites in Greece. However, the TI values obtained with the calorimeter methods [18] [19] [20] [21] are far from being comparable to the TI values obtained with the epiradiator [2, 7, 12, 14, 15] , as the heat flux, among other parameters, is very different in the two types of methods. In addition, some methods [18, 19] refer to the concept of time to sustained ignition instead of TI. The TI-values increased with the moisture content as expected by Dimitrakopoulos and Papaioannou [5] , Weise et al. [18] , Jervis and Rein [20] , Madrigal et al. [21] and Possell and Bell [48] . The relationship between TI and MC was globally linear, which is in accordance with Jervis and Rein [20] . The average DC values are in line with the findings of Liodakis et al. [47] regarding common species. The peak hat release rate, which is a measure of combustibility The average FH values recorded in this work went beyond the FH variation range for common species studied by Liodakis and Kakardakis [31] (A. unedo, P. lentiscus and Q. coccifera) and Liodakis et al. [47] , which were both collected from the same Greek ecosystems.
Flammability Index vs. Moisture Content
The FI-values calculated based on Equation (3) were highly correlated with the corresponding MC-values. Indeed, MC has a profound effect on different aspects of flammability [1, [35] [36] [37] 49] , especially TI [5, 15, 38] and flame characteristics [15, 36] . Behm et al. [39] considered MC as an indicator of ignitability inter alia. MC is also the main cause of flammability difference between dead and live fuels [9] . Nonetheless, some reports found no effect of MC on TI under the high convective and radiative heat fluxes that are characteristic of high-intensity crown fires [36] .
The increase in FI with a decrease in MC is in accordance with the findings of Papió and Trabaud [49] , Xanthopoulos and Wakimoto [38] , Pausas et al. [15] and Alexander and Cruz [36] since the amount of heat required to evaporate water is positively correlated with fuel moisture content. Xanthopoulos and Wakimoto [38] pointed out that the minimum temperature required for ignition rose with increasing moisture content. Additionally, litter was considered as the most flammable forest fuel compared with other fresh samples of different species [8] , which is in line with our outcomes where the highest values of FI corresponded to the driest samples (litter) as shown in Figure 3 . Such low moisture contents are also associated with forests subjected to insect attacks or heat desiccation [36] , especially in summer.
FI Behaviour and Flammability Classification
The observation of two distinct behaviours of FI as a function of MC (representing two groups of species) in the examined species may be explained by the existence of two different responses to water stress in Mediterranean plants [50] . Given that water use strategies control the quantity of water maintained inside plant cells under drought conditions in order to withstand drought, the two groups of plant species mentioned above may have distinct flammability behaviours, since the amount of heat required to evaporate water is positively correlated with MC [38] . Moreover, Alessio et al. [35] and White and Zipperer [1] confirmed this fact by indicating that flammability was strictly related to MC due to physical and chemical mechanisms as well as physiological elements, especially whether the character is deciduous or evergreen as this can influence the plant flammability [1] . Indeed, the species examined in this paper are subdivided into drought-deciduous and evergreen sclerophyllous species. Therefore, the distinction between two groups of different physiological responses to water deficit primarily materialized in terms of leaf water content during drought [50] (simulated here by drying process) would lead to differences in flammability behaviour [1] as shown in our results (two groups of different flammability behaviours). As one might expect, during drying, the samples were subjected to water stress, each plant group would adopt distinct physiological adaptations [50, 51] , which would affect its flammability [1] .
The flammability ranking, presented in Table 7 as an example of FI calculation from the average MC-values given by Hachmi et al. [43] , is in line with the results found by other authors, such as Papió and Trabaud [49] (C. salviifolius and P. lentiscus), Dimitrakopoulos [50] (A. unedo, C. salviifolius and P. lentiscus), Liodakis et al. [47] (A. unedo and P. lentiscus), Yılmaz and Satıl [51] (A. unedo) and Madrigal et al. [21] (P. pinaster), notwithstanding the different criteria used in each of the methods. Papió and Trabaud [49] ranked C. salviifolius as more flammable than P. lentiscus, while Dimitrakopoulos [50] classified C. salviifolius in a more flammable category in comparison with A. unedo and P. lentiscus. Liodakis et al. [47] classified A. unedo and P. lentiscus among the least flammable species. Yılmaz and Satıl [51] considered A. unedo as a fire-resistant species due to its high moisture content, which is in accordance with our classification in Table 7 (moderately flammable). According to Madrigal et al. [21] , Pinus pinaster is among the species that release more heat and is therefore among the most flammable species, which is consistent with our results. Weise et al. [47] revealed contradictory results regarding the flammability ranking of Cistus salviifolius and therefore could not classify it. Concerning the species in common with Dimitrakopoulos and Papaioannou [5] (A. unedo, C. salviifolius and P. lentiscus), Liodakis and Kakardakis [31, 34] , Liodakis et al. [8] (A. unedo and P. lentiscus), the flammability classifications reported by these authors were in contrast with our outcomes. Dimitrakopoulos and Papaioannou [5] gave a flammability classification based only on TI without taking into account the flame characteristics. However, moisture content affects significantly not only TI but also flame characteristics, including FH [36] . Moreover, the visual flame height (FH) was considered as potential indicator of combustibility [1] , which is a relevant component of flammability [1, 29, 39] , emphasizing the importance of FH in flammability assessment. Therefore, this calls into question the relevance of a ranking neglecting the effect of FH, such as the one created by Dimitrakopoulos and Papaioannou [5] . Furthermore, the method of Liodakis et al. [8] was to classify some forest fuels towards their ignitability using the relative limiting oxygen index and the thermogravimetric analysis, whereas the methods of Liodakis and Kakardakis [31, 34] provided a flammability ranking of some species using analytical methods. These methods ranked P. lentiscus as less flammable than A. unedo. likewise, Dimitrakopoulos [4] chose to classify species flammability according to a statistical method based on different physical and chemical fuel properties [52] , although he neglected the effect of moisture content. As a result, except for P. lentiscus, which fell in the same "Flammable species" class as suggested by the method of Dimitrakopoulos [4] , the other commonly examined species A. unedo and C. salviifolius were ranked according to the same author in different flammability classes compared to our results in Table 7 . Such flammability classification methods have not gone unchallenged due to the lack of ability to weigh the role of each fuel property and the interactions involved [9] . In addition, the methods of Liodakis and Kakardakis [31, 34] , Liodakis et al. [8] and Dimitrakopoulos [4] ignored the effect of moisture content in the determination of fuel flammability [14] despite its significant and central role in plant flammability determination revealed in several reports (e.g., [1, 14, 36] ). Ultimately, the classification of the flammability of plant species is controversial as it differs from one season to another. For example, P. pinaster was highly flammable in the summer of 2009 while it was flammable in the winter of 2016. Worse still, A. unedo was moderately flammable in summer 2009 with an average MC-value of 117% while in winter 2016, it was flammable with an average MC-value of 70%. Indeed, the winter of 2016 coincided with a period of prolonged drought that had lasted from the summer before, while the summer of 2009 was preceded by a rainy spring in a global climate change context.
The method proposed in this paper aims to bring model functions of the relationship FI-MC. A practical use of these functions would lead to a realistic classification of plant flammability based on FI-values calculated with MC-values corresponding to the critical periods of high fire occurrence of the year (June-September) as measured by Hachmi et al. [43] . This is when there is the greatest need to perform flammability ratings in a view to preventing wildfires since plant flammability fluctuates within species according to environmental conditions [1, 2] . Indeed, the flammability classification would lead us to identify the least flammable species to favour during afforestation campaigns and along the same lines, avoid the most flammable species as much as possible [2, 7, 8] . Due to the major effect of MC on FI determination [5, 14, 15, 36] , plant flammability must be examined in close association with fuel moisture content [14, 35] . The latter even highlighted the strict dependence of plant flammability on leaf water availability when several reports testified that horticultural practices, such as watering and routine irrigation, could potentially modify plant flammability [1, 2, 53, 54] . Thus, this enhanced the credibility of our approach of flammability classification. Indeed, our approach is conducted in harmony with fuel moisture content fluctuations. The use of the real MC average values during periods of high fire occurrence, measured by Hachmi et al. [43] , is particularly interesting since these values correspond to a period when there is an urgent need to prevent fires.
Furthermore, many plant flammability rankings were carried out throughout the world using plant lists in order to identify the most flammable species to be removed or to convey information on desirable plants (fire-resistant), which would provide guidance for forest managers in selecting the appropriate species for reforestation (e.g., [55, 56] ). However, such lists have been the subject of sharp criticism because of lack of scientific basis in their design as a result of possible flammability fluctuations according to season and location due to regional climatic differences [1, 2] . Even when a scientific basis is adopted, such as in the listing of key plant characteristics associated with favourable or unfavourable fire resistance [54] , the standardization of protocols seems to be lacking [1, 2] , which results in conflicting rankings.
Conclusions
The present work provides a response to two major issues. First, we proposed a new FI equation without the DC parameters, which was weakly correlated with moisture content and led to outliers (outside of the predetermined FI interval), especially for fresh samples of some species. This is in contradiction with the FI assumptions. This new expression would correct the weaknesses of the flammability assessment approach of Hachmi et al. [14] . Secondly, since the flammability is tightly linked with fuel moisture content (MC), functions were modelled to adjust FI for the effect of MC in order to obtain realistic FI-values that match specific MC-values. This is even more interesting when it comes to flammability assessment in certain critical conditions, such as the period with high fire occurrence during the period of June-September. For most species, the model functions were linear except for C. albidus, C. monspeliensis, C. salviifolius and P. canariensis, whose functions were piecewise linear with a variation threshold. Indeed, for most species, FI rose linearly when MC decreased. However, for the aforementioned species, FI remained virtually unchanged at the beginning of the drying but once MC dropped below a particular threshold point, FI increased linearly. The resulting model functions will help forest managers to calculate the species-specific FI-values only by measuring the corresponding MC-values in the field. The measurement of MC in the field at a given time would give us the FI-value corresponding to that time. According to average MC-values during the period with high fire occurrence measured by Hachmi et al. [43] , most species were ranked among 'flammable' fuels. The pine species and C. albidus were regarded as 'highly flammable' fuels, whereas A. unedo and Q. suber were classified as 'moderately flammable'. Research prospects are conceivable for the extension of the flammability classification to more plant species in order to cover all vulnerable ecosystems. The development of a larger MC database corresponding to the critical summer period would be highly desirable. However, the scaling up of our approach requires taking into account numerous fuel and site characteristics, which would merge as input variables into a fire behaviour prediction system [11] , which would be capable of producing a reliable assessment of fuel hazards.
